Lung Lesion Extraction Using Histogram Binning Based Automatic Segmentation Approach by Rani, K. Vijila & Babitha, M. Mary
  
 
 
1 Page 1-10 © MAT Journals 2017. All Rights Reserved 
 
Journal of Image Processing and Artificial Intelligence  
Volume 3 Issue 1  
Lung Lesion Extraction Using Histogram Binning Based 
Automatic Segmentation Approach 
 
K. Vijila Rani,
   
M. Mary Babitha
 
Department of ECE, Arunachala College of Engineering for women, Tamil Nadu, India 
E-mail:vijilarani.k@gmail.com 
 
Abstract 
Lung Lesion Extraction becomes the crucial part in the lung cancer diagnosis. The accurate 
segmentation of lung lesion from computerized axial tomography (CAT) scans is important 
for lung cancer diagnosis and research. A novel toboggan based growing automatic 
segmentation approach (TBGA) with a three-step framework is used for lung lesion 
segmentation. The initial seed point in the lung lesion was first automatically selected using 
an improved toboggan method for the subsequent 3D lesion segmentation. Then, the lesion 
was extracted by an automatic growing algorithm with multi constraints. Finally, the 
segmentation result was optimized by a lung lesion refining method. By using this lung lesion 
segmentation algorithm better performance will be obtained. The combination of TBGA and 
adaptive histogram binning, have similar or slightly better accuracy than previously obtained 
TBGA results on same-center training and evaluation. In conclusion, we believe that the 
novel HBBAS can achieve robust, efficient and accurate lung lesion segmentation in CT 
images automatically. 
 
Keywords: Back-off mechanism, computed tomography (CT), lung lesion segmentation, 
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INTRODUCTION 
LUNG cancer is the leading cause of 
cancer mortality around the world [1]. Up 
to 10 million patients in the world will die 
of lung cancer by 2030 in terms of the 
report from the World Health Organization 
[2]. Early prevention of lung tumor has an 
important role for survival benefit 
improvements. With the hypothesis that 
deep analysis of radiographic images can 
inform and quantify the microenvironment 
and the extent of intra- tumoral 
heterogeneity for personalized medicine 
[3], [4], analysis of large numbers of 
image features extracted from computed 
tomography (CT) with high throughput 
can capture spatial and temporal genetic 
heterogeneity in a non-invasive way, 
which is better than invasive biopsy based 
molecular assays. It will be useful for 
research in medical field, CAD analysis, 
and surgery outcome evaluations as well. 
For this purpose, lung lesions accurate 
segmentation is the pre-requisite. One 
method for lung abnormal tissue 
segmentation is that experts with 
experience such as delineate radiologists 
the lesion manually. It is a difficult task to 
obtain robust and efficient results because 
it needs human interaction. First, step is 
the experts may overestimate the lesion 
volume to enclose the whole lesion in the 
lung field.  Then, the time consumption 
limits the converting Computed 
Tomography images to mineable data with 
high throughput. Therefore urgent 
requirement of highly robust, efficient and 
automatic lung lesion segmentation 
approach. The accurate segmentation of 
lung lesions by an automatic method is 
also difficult because the heterogeneity of 
the lung lesions. As shown in Fig. 1, due 
to the variation of lung lesions, current 
segmentation accuracy is not predictable. 
The lung lesions intensity is sometimes 
close to the intensity of vessels, fissures or 
chest wall (Fig. 1 a (1)–a (3)). But other 
words it is close to the intensity of lung 
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field, such as ground-glass opacity (GGO) 
(Fig. 1 c(1)–c(3)).Then  significant of the 
noise in CT images inherent .All these 
facts very challenging to achieve the 
precise delineation of lung lesions 
automatically. 
 
 
Fig.1. Different types of lung lesions: (a1)-
(a3): solid nodule, a (1): solitary nodule, a 
(2): juxta vascular, a(3): juxta-pleural, 
(b): cavity, (c1)-(c3): GGO. c(1): solitary, 
c(2): juxta-vascular, c(3): juxta-pleural. 
 
Related Work 
Intensity-based segmentation [22], [21] is 
applied to the nodule segmentation 
problem by using two algorithms; they are 
local density maximum and thresholding 
algorithms. 
  
Classes of these algorithms are primarily 
effective for solitary nodules; however, 
fail in separating the nodules from juxta 
posed surrounding structures, such as the 
pleural wall and Vas-cular, due to their 
intensities similarity.  
 
For proposed more sophisticated 
approaches have to incorporate nodule-
specific geometrical and morphological 
constraints issue to address (e.g. [23]–
[24]). Abnormal tissue, nodules still 
remain a challenge because they can 
violate geometrical assumptions and 
frequently appear.  
 
In addition, typical dose of low CT 
(LDCT) scans have low contrast, adding 
difficulties further to obtaining the nodule 
precise spatial support or ROI. 
 
LESION SEGMENTATION WITH 
MULTI  CONSTRAINTS 
Seed point is selected automatically in the 
lung lesion regions we obtained in section 
.The multi-constraints are proposed to 
control the lesion segmentation.     
 
As the intensity of vessels and visceral 
pleura is close to that of the lung lesion, 
they are sometimes considered to be part 
of the adjacent lesions.  
 
In the process of lesion segmentation, a 
five-dimensional symbol vector is defined 
to describe the new lesion voxels in each 
generation (the meaning of the generation 
is same as that of the degree).  
 
The vector is organized by spatial 
coordinates, iDegree and iCount of each 
voxel. As the basic flag of growing 
segmentation, iDegree describes the 
generation number during segmentation. 
The initial seed point is the first 
generation, where the iDegree is given as 
1.  
 
On the basis of the area of the lung lesion 
we have obtained by the improved 
toboggan algorithm, a largest distance 
constraint (LDC) is defined to restrict the 
growth in each direction during lesion 
segmentation. Its morphologic meaning is 
the maximum Euclidean distance between 
the center point and lesion boundary 
points. The LDC we use is calculated as 
follows: 
 
Where is the size of the lung lesion region 
obtained by the improved toboggan 
algorithm.  
 
Fig 2. Segmentation by the improved 
toboggan method, images a to l are solid 
nodules, and images m to r are ground-
glass opacities (GGO).                                                   
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 LUNG LESION REFINEMENT 
A refining method of lung lesion is used 
for more accurate boundary definition of 
lung lesion. Since the iterative growing 
segmentation approach only uses 
information of gray scale but neglects the 
lesions morphologic characteristics, 
miniscule incorrect segmentation [8].  
 
Fig. 3. Lung lesion refining, where the 
internal profile represents the center 
image, and the external one represents 
the adjacent slice.  
 
The refining  method only works on the 
adjacent lesion slices in a cross-section 
view, so the two slices being processed are 
regarded as the center slice Cl and its 
adjacent slice is Cl'. The direction from the 
neck to the abdomen is considered as the 
main direction.  
 
PROPOSED METHOD 
Histogram binning based automatic lung 
lesion segmentation approach is proposed.
 
                           
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig:4. Proposed method Block diagram 
 
INPUT IMAGE   
Lung lesions from the LIDC-IDRI 
database were used. The slice thicknesses 
for those images ranged from 1.25 to 2.50 
mm with a 0.70 mm x 0.70 mm resolution.  
Since their morphology is completely 
different from that of a solid nodule and 
GGO. Their diameter ranged from 3 mm 
to 30 mm (average 9.80 mm).
   
Input image 
22D lung parenchyma 
segmentation 
Preprocessing 
Improved Toboggan Searching 
Histogram binning based 
automatic segmentation 
3D lung lesion segmentation 
Lesion contour Extraction 
 
 
            Lung lesion refining 
Output segmented image 
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Fig 5. LIDC database CT scan image 
    
2D LUNG PARENCHYMA 
SEGMENTATION 
Process of partitioning a digital image into 
multiple segments (sets of pixels, also 
known as super-pixels) is called as image 
segmentation. The important  goal of 
segmentation is to simplify change the 
image representation  into something that 
is meaningful more  and easier to 
analyze.[12]  Locate objects 
and boundaries (lines, curves, etc.) in 
images are use the image segmentation.  
 
PREPROCESSING 
Image-specific preprocessing methods are 
aware of nature of the 2-D image and data 
are applied two-dimensionally. Dilation is 
the process of a binary (0/1, 'off'/'on') 
image can be  expands in to a contiguous 
regions of 'on' pixels in an lung  image. It 
examines the pixels  neighboring within a 
'Window' around each pixel. If specified 
fraction is more than('Threshold') of 
neighboring pixels are 'on' then dilation 
process is  turns the pixel 'on'. Pixels 
which are 'on' already are never altered.     
 
 The process of erosion of a binary (0/1, 
'off'/'on') image contracts regions 
contiguous of 'on' pixels in an lung image. 
It examines the pixels neighboring within 
a specified 'Window'. If specified fraction 
is more('Threshold') of neighboring pixels 
are 'off' then  turns the erosion of pixel 
'off’. Already Pixels which are 'off' are 
never altered. 
 
IMPROVED TOBOGGAN 
SEARCHING 
Multi-scale Gaussian convolution could 
reflect image gradient changes in 
different directions. For example, 
different Gaussian convolution kernels 
could describe the gradient on each 
coordinate axis (X-axis, Y-axis or Z-axis) 
in  and The multi-scale Gaussian gradient 
could also give a more accurate 
description for the lung image compared 
with other gradient computation methods. 
Besides, the highlighted noise would be 
eliminated by the improved toboggan 
algorithm after contrast enhancement 
using multi-scale Gaussian convolution.   
 
 
Fig 6. Gradient image of lung 
parenchyma 
 
By the improved toboggan method, the 
highlighted vessels, tracheal wall and other 
noise in the gradient image will be moved 
into the lung field while the lesion remains 
at a higher value. Therefore, the other 
tissues would be dimmed and the lesion 
could be enhanced in the label image for 
the subsequent automatic seed point 
selection. 
Algorithm: 
Step 1: Calculate the gradient image. 
Step 2: Scan the four neighborhoods (or 
eight) of each pixel in the gradient image. 
As one slice is enough for the selection of 
the lesion seed point. 
Step 3: Mark the pixels slide to the local 
minimum by the same label with the 
―minimum‖ pixel. 
Step 4: Repeat the process for all pixels. If 
a pixel is not labeled, its four 
neighborhoods (or eight) will be searched 
to find the local minimum. The process is 
repeated until all pixels in the image are 
segmented. 
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HISTOGRAM BINNING BASED 
AUTOMATIC SEGMENTATION 
Histogram-based methods are very 
efficient compared to other segmentation 
of image methods because they typically 
require only one pass through the pixels 
basis. Color or intensity can be used as the 
measure. 
 
Maintaining their single pass efficiency 
Histogram-based approaches can also be 
quickly adapted to apply to multiple 
frames. The histogram can be done in 
multiple fashions when multiple frames 
are considered. The same approach that is 
taken with one frame can be applied to 
multiple, and after the results are merged, 
peaks and valleys that were previously 
difficult to identify are more likely to be 
distinguishable. The histogram can also be 
applied on a per-pixel basis where the 
resulting information is used to determine 
the most frequent color for the pixel 
location. Bin counts, specified as a vector. 
Use this input to pass bin counts to 
histogram when the bin counts calculation 
is performed separately and you do 
histogram not wants to do any 
data binning. 
The length of counts must be equal to the 
number of bins. 
 For numeric histograms, the number of 
bins is length (edges)-1. 
 For categorical histograms, the number 
of bins is equal to the number of 
categories. 
 Histogram bins means range interval of 
image pixel. 
 
3D LUNG LESION SEGMENTATION 
Assumption that the neighboring pixels 
within one region have similar values is 
said to be a region growing algorithm. The 
common procedure is to compare one 
pixel with its neighbors.Pixels can be set 
to belong to the cluster as one or more of 
its neighbors similarity criterion is 
satisfied. The selection of the similarity 
criterion is significant. 
LESION CONTOUR EXTRACTION 
AND LUNG LESION REFINING 
Abnormal tissue region are extracted.Lung 
lesion refining method is used for more 
accurate lesion boundary definition. Since 
the iterative growing segmentation only 
uses grayscale information but neglects the 
morphologic characteristics of the lesion, 
miniscule incorrect segmentation 
 
Fig 7. The toboggan results for a cavity 
tumor. 
 
In the two adjacent lesion slices In this 
section, those mutations will be smoothed 
for accuracy improvement. Here we use 
the lesion boundaries in each slice. The 
refining method in this paper only works 
on the adjacent lesion slices in a cross-
section view, so the two slices being 
processed are regarded as the center slice 
Cl and its adjacent slice is Cl'. 
 
The steps of the lung lesion refining 
method are described as follows: 
 
 Step1: Calculate the center of the gravity 
(COG, or a center point in the lesion) in 
Cl: 
 
Where denotes the number of lesion pixels 
in and represents the coordinate of the 
lesion points. 
 
Step 2: Extract the lesion contour  
Step 3: Compute the distance between 
COG and the boundary point 6* on Cl:                       
 
Where \\h - COG\\2 means the two-norms 
of (buCOG), and n is the total number of 
boundary points. Dis(bi) represents the 
Euclidean distance from bi to COG. 
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Step 4: Calculate the distance between 
COG and the boundary point 6^ on Cl'. 
Draw the     straight line which is 
determined by COG to b'i- DisW is used to 
describe the distance: 
 
Where  n' represents the boundary points 
in Cl'. On the original transverse images, 
voxels and are the boundary points of 
lesion.  
 
We will process each difference between 
Dis (b) and Dis (bi) in the same direction 
in the next steps. 
 
Step5: Execute Step 4 on all boundary 
points in Cl'. Dis) and Dis (bi) in each 
direction are stored for the subsequent 
calculation in Step 6. 
Step 6: Obtain the average distance Avg: 
 
           
OUTPUT SEGMENTED IMAGE 
Image contains solid nodule, solitary 
GGO, juxta-pleural GGO.     Algorithm 
significantly improves lung lesion 
segmentation accuracy compared with 
other methods. 
 
 
Fig 8. Segmentation results of the cavity 
tumor 
 
RESULTS AND DISCUSSION 
Input image 
An input image taken here is LIDC 
database CT scan image  Shown in below. 
 
Fig 9. Input image 
2D lung parenchyma segmentation       
The edge of input image is segmented 
using prewitt method. 
 
 
Fig 10. 2D lung parenchyma segmentation 
 
Preprocessing 
Image-specific preprocessing basically two 
methods are used. They are dilation and 
erosion methods are aware of the nature of 
the 2-D image and are applied to the image 
two dimensionally. 
 
Fig 11. Dilated image 
 
Improved Toboggan Searching 
By the improved toboggan method, the 
vessels are highlighted, tracheal wall and 
other noise in the gradient image will be 
moved into the lung field while the lesion 
i.e., Abnormal tissue remains at a higher 
value. 
 
 
Fig 12. Toboggan search image 
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Histogram binning based automatic 
segmentation 
In this technique, a histogram is computed 
from all of the pixels in the gradient lung 
image, and the peaks and valleys in the 
histogram are used to locate the clusters in 
the image. 
Histogram bins means range interval of 
image pixel. 
 
Fig 13. Histogram bin segmented image 
 
Segmentation single slice image Single 
slice of sensitive segmented image shown 
in   below 
 
Fig 14. Single slice image 
 
3D lung lesion segmentation 
One region growing method is the seeded 
region growing method. This method takes 
a set of seeds as input along with the 
image.   
 
 
Fig 15. 3D lung lesion segmentation 
image 
 
Lung lesions including solid nodules 
Image contains solid nodule, solitary 
GGO, juxta-pleural GGO. 
 
 
Fig 16. Different types of  lung lesion 
 
Lesion region of the cavity tumor 
Abnormal tissue of lung is said to be 
cavity tumor that can be shown in below 
 
 
Fig 17. Output segmented cavity tumor 
region 
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CONCLUSION 
This paper explains about an automatic 
and quick-response lung lesion 
segmentation algorithm, which has been 
tested on the public LIDC database. The 
initial seed points were first detected using 
an improved toboggan method for the 
subsequent histogram binning lesion 
segmentation. Then, the lesion was 
extracted by an automatic growing 
algorithm with multi-constraints. Finally, 
the segmentation result was optimized by a 
lung lesion refining method. The important 
component of this work is that it does not 
require any training datasets or human 
interactions for lesion seed point detection, 
while it could obtain more accurate 
segmentation results compared with other 
methods, especially for ground-glass 
opacities. Better performance was obtained 
with improved time efficiency by our 
method. 
 
FUTURE WORK 
As the new method has a variety of 
advantages for the segmentation of lung 
lesions and can also be applied as a 
reference for lesion segmentation in other 
tissues. In the future classification of the 
lesions into benign and malignant to be 
done and calculation of the area and the 
size of the lesions using simpler 
algorithms will be addressed. 
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